Increased user motivation from interaction process leads to improved interaction, resulting in increased motivation again, which forms a positive self-propagating cycle. Therefore, a system will be more effective if the user is more motivated. Especially for students with dyslexia, it is common for them to experience more learning difficulties that affect their learning motivation. That's why we need to employ techniques to enhance user motivation in the interaction process. In this research, we will present a system architecture for motivation-enhanced learning and the detailed process of the construction of our motivation model using ontological approach for students with dyslexia. The proposed framework of the personalised learning system incorporates our motivation model and corresponding personalisation mechanism aiming to improve learning motivation and performance of students with dyslexia. Additionally, we also provide examples of inference rules and a use scenario for illustration of personalisation to be employed in our system.
INTRODUCTION
Students' high level of motivation to learn is connected to their learning success [1] [2] [3] . User motivation is a user response to the interaction process and is crucial to the success of the interaction process; therefore, recognition of the role of identified motivational factors can play a part in an evaluation of the interface and can be an indicator of how well the design process has addressed user needs and requirements [4] [5] . Specifically, learning difficulties such as dyslexia can cause students to reduce their engagement with the education system or drop out [1] .
Dyslexia is the most common specific learning difficulties which can affect the way information is learned and processed, occurring neurologically and independently of intelligence [6] . This means they have different ways of thinking and learning requiring specific personalisation of learning service rather than being "cured".
In addition to various learning difficulties such as those regarding reading, writing and speech, dyslexia can also bring with it many psychological effects like lower academic self-esteem or frustration which affect their motivation to learn [7] [8] . Most existing user models for dyslexics merely consider dyslexia types and learning difficulties. There is a lack of empirical research investigating motivational determinants and their impact on learning behaviour.
In this research, we examine dyslexic learners' use of assistive learning technology to identify their specific characteristics regarding motivations and barriers faced when using a mobile learning software so that the dyslexic users' motivational needs can be incorporated into user modelling to better adapt assistive learning technology to their specific needs. Our eventual aim is to provide a personalised learning system for students with dyslexia based on our motivation model to improve learning success. Based on the identified motivational factors from the literature review and our empirical study, a conceptual motivation model has been built [1] . Using the concepts and their relationships in the model, we will create a more detailed ontological model in which user characteristics obtained from previous studies is structured as a hierarchy of classes with concepts and interdependencies.
In the present paper, the related work on personalised learning systems and ontological user modelling will be firstly presented, we will then introduce the design of a personalised system architecture which will incorporate an ontological motivation model and corresponding inference rules to adapt to different individuals' motivational needs. After that, the methodology and process of the motivation modelling will then be described in detail, followed by the mechanism for motivation-based personalisation illustrated by certain key inference rules. An application example of the system will be given along with a use scenario. Finally, the present research will be concluded with the future work being discussed.
RELATED WORK
Assistive technology can help dyslexic learners to overcome some of the difficulties that they face. There is now a wide range of different technologies available helping with many aspects of dyslexia with software and hardware that helps with reading, writing, mathematics and organization. These technologies are becoming increasingly adaptive and more mobile. The research area in this paper is personalised learning systems, which is also called intelligent tutoring systems providing automated adaptive guidance, compared with the other area, educational games as the other approach to technology-enhanced learning according to Peeters [9] , as dyslexic adults may find learning games boring which can work well on dyslexic children [10] . Therefore, personalised learning systems have wider target users.
The personalisation process will often require an input of data, a method of algorithmically processing the data and then a final inference or decision that can be used by the system to tailor the experience, configuration, behaviour or output to the user. To customise data and features being delivered to the user or to provide helpful personalisation, the system can perform filtering of the whole data or functionality set. The filtering can be rulebased, content-based, collaborative or a combination of them [11] . Often a hybrid approach combining all these approaches can give better results but is complicated and difficult to implement [11] . User modelling while beneficial for designing applications are often used for real-time personalisation and adaption of services. User modelling approaches are mainly classified into two categories: knowledge-based approaches and data driven approaches. Data driven user modelling makes use of techniques in machine learning and data mining to examine the relationships among various sensor data and situations surrounding the user, whereas knowledge driven user modelling primarily represents user models via logic rules and applies reasoning engines to eventually infer personalised service from the environment [12] . A commonly adopted knowledge driven approach is the use on ontologies. The ontology-based modelling approach is to produce a structured and reusable model which can be incorporated into a highly adaptable yet reusable system to be easily aligned to the learner's different individual characteristics. It provides a common understanding of the domain [13] and facilitate knowledge sharing and reuse while also very expressive using a web ontology languages. It has been emphasised that for good user modelling, it is important for the user to provide accurate and truth information or the model will be rendered useless [14] .
The data input for building user models can be from different sources. Razmerita et al. has discussed two ways in which user information can be gathered to identify and adapt to the user, either using user supplied data or through system collected data [15] . One example of the latter in practice is Hatala and Wakkary's Ec(h)o System [16] , a museum installation that can adapt to the types of museum visitors based on their interactions with the system. This allows the differentiation between visitors who want detailed information versus busier visitors who just want an overview. A similar method uses hierarchical relationships to depict the user model. Kim and Chan [17] discussed a user interest hierarchy looking at user attributes but places in a general to specific hierarchy. The user's behaviour on the website can then be used to populate the hierarchy and algorithm can be used to cluster the different hierarchy themes and levels together.
Existing personalization of learning systems for students with dyslexia helps separate out the needs of different types of dyslexia. Dyslexia is firstly classified by Ingram [18] into three main categories being visuospatial difficulties, speech-sound difficulties and correlating difficulties. The visuospatial difficulties refer to difficulties in distinguishing between letters, syllables and phrase orders, relying on shapes to identify the letters. This may cause issues with identifying the letters and confuse the order of the letters. The speech-sound difficulties refer more to difficulties in spoken language, the forming of sentences and the separation of words into component syllabi. The correlating difficulties are more concerned with writing difficulties where they are not able to link letters to speech sounds [19] . Dyslexia is also categorised into five types by Alsobhi et al. corresponding to five difficulties experienced by dyslexics: reading, writing, speaking, mathematics and memory [19] . Although these types are defined separately, they often occur in combination with an individual possibly having 2 or 3 of these types [19] .
Alsobhi et al. [20] have attempted to linking dyslexia types and symptoms to the available assistive technologies by summarizing the different existing assistive technologies and how they correlate with the different combinations of the types of dyslexia. The information from the correlation can be used to adapt the assistive technology to the needs of the individual dyslexics depending on the type or combination of types of difficulties that they have. It has also been [19] considered using an ontology approach to address the dyslexia type personalization issue. An ontology web language was used which handles the content and the presentation of the content separately to allow different presentations of the same content to be shown depending on the learning difficulties of the individual. [19] .
User modelling and personalisation has been attempted to develop a system that can flexibly adapt to users' learning needs and requirements, and ontological approaches have great potential for this purpose by personalising learning experiences through inferences. However, they lack the ability to provide dyslexic learners with motivation-enhanced learning experiences that takes motivational factors into account, which is an essential aspect of dyslexic learning behaviour. Students' motivation has significant influence on learning performance, and e-learning feedback can improve the level of students' motivation [21] [22] . Existing personalised learning systems also lack context-dependent feedback such as providing encouragement and the constant measurement of responses and the corresponding feedback as well compared with having tutors in the classroom; furthermore, most learning systems are developed from a well-intentioned concept without involving wider user groups with diverse strengths and weaknesses [23] , there is a lack of suitable mechanisms to ensure that the learning system is designed and personalised most appropriately for the specific needs of dyslexic individuals. Also, the personalization needs to occur in an automated fashion in the big data age to ensure that the data available for each student and for dyslexics as a whole can be used to benefit everyone and provide the best personalization. Therefore, we aim to design a personalised learning system that incorporates learners' motivation models to provide dyslexic students with personalised learning experience to enhance learning motivation and performance.
THE SYSTEM ARCHITECTURE
The motivation-enhanced learning system is designed to be a Moodle add-on or plugin. Figure 1 basically shows the system architecture and its working principles to perform learning behaviour analysis for modelling of motivation and personalisation of learning materials and techniques. Combining our motivation model and the corresponding inference rules, we will need the system to collect the user data which will fit into with the motivation model to be used for generating inferenced outputs. In the personalisation process, a user model need to be constructed that can then be consumed by the system for personalisation. This user model can potentially be universally used by many different systems. The data can be from a range of different inputs, which can all contribute to the model. Data can either be implicit/dynamic or explicit/static [11] . The static/explicit data is based on user input which can take the form of registration forms, questionnaires or user provided feedback, whereas dynamic/implicit data is derived from the observation of user behaviour, which in computer system can take the form of logs, databases, cookies or information from user choices, selections and browsing habits [11] .
In the system, the initial personalisation of learning content will be performed based on a motivation questionnaire and the rules, and then the real-time user behaviour data will be recorded and used to update user's motivation. The user motivation is obtained from questionnaire score and updated through the analysis of user's learning behaviour. According to the real-time motivation, adaptive feedback and course materials will be output to user to sustain and enhance their motivation.
The first extension of the add-on deals with detecting and storing the motivational state of the students. For detecting motivation, we will use the motivation questionnaire, which is a multi-item scale developed based on the conceptual motivation model we constructed before [1] . The motivation questionnaire exceeds the scope of this paper and will not be presented here. We will add the questionnaire to the registration form in Moodle, allowing the calculation of the results of students' motivations and the storage in the motivation model. As indicated by the questionnaire result, we will distinguish the motivational state as strong, moderate and balance, which is similar to the approach to distinguishing the preferences of learning style suggested by literature [21] . In addition to the self-reported data from the questionnaire, another source of data input for detecting motivation is the real-time learning behaviour of the students during their interaction with the system. For example, we will employ eye tracker to record eye movements to be analysed as indicators for user attention and motivation; also, we will record the students learning performance such as quiz score, time spent on the course, etc. to reflect their learning motivation. These real-time data will be analysed and fit into the students' motivation model. The other extension enables the system to automatically provide courses and feedback that adapt to the motivational states of the students. The personalisation module is responsible for accessing the information about students' motivation through the motivation model and calculating the values of each personalisation feature based on motivation, indicating the quantity of the course and the content of feedback that should be provided, similar to the adaptation module adopted by Graf et al. [24] [25] . Then the suitable course and feedback will be created and presented to the students via the interface in the Moodle learning environment.
Compared to the traditional system, this novel system is usercentric, aiming at providing personalised learning for students with dyslexia. The system takes a user's self-input data to construct a motivation model and records the user's learning state focusing on motivational state to update the model in real time, which is the basis of the filtering to provide personalised service based on individual motivational states to increase the user's intention of using the system to improve learning performance. The system can also be adapted to cater for users with other special learning difficulties or needs.
MOTIVATION MODELLING PROCESS 4.1 Conceptual Modelling
The approach of conceptual modelling is to initially build the model by integrating the most important factors from existing motivation theories with adjustments to adapt to our research context [1] . Then, an empirical study is conducted with target user to identify the relevant motivational factors in real world scenario and if necessary, leading to the model refinement accordingly.
Theoretical Background
Psychological theories can be referred to for establishing an explanatory framework for the users' response [1] and providing insights to help reprioritize design considerations and evaluate how well the system design addresses user's needs and requirements. Human motivation has been studied by psychologists to have multiple factors, and the most important motivation theories and factors most relevant to the research context has been employed to build the present motivation model.
The initial conceptual motivation model is shown in Figure 2 [26] , stating that utilization level of an information system is positively related to user's continued intention to use the system and the user's perceived task-technology fit of the system, and the latter is positively connected with perceived usefulness of the system. Similarly, students with dyslexia need to perceive an assistive learning system to fit their learning needs to generate use motivation. The second basis is the extended technology acceptance model proposed by Chang et al. [1] [27], where perceived convenience and perceived playfulness also play a role in the continuance of use intention of a piece of technology, in addition to perceived usefulness and perceived ease of use. We also noted that students with dyslexia in our research are young teenagers, so perceived enjoyment and perceived convenience are also likely to contribute to their intention of using the tools. Our inspirations also involve technology self-efficacy and computer playfulness, visual attractiveness of the assistive learning system, attitudes towards school and feedback as components to incorporate dyslexics' specific characteristics [1] .
Empirical Study
A small-scale empirical study was conducted with a sample of 11 students with dyslexia at the age of 14-16. The study intends to collect all possible motivations and barriers for target user. A prototype of mobile learning software called mYoutime from PLA project [1] is provided to the participants. Each lesson in mYoutime is less than 15 minutes with text, audio and video. Focusing on a practical application of existing technology allows the users to be observed. The study helps collect first-hand data on the views of dyslexics on learning resources [1] . A betweensubject design is adopted with Group A having the version of the learning content that can be read aloud with a button that can be clicked on by users to enable the function and Group B having the other version that cannot be read out [1] . Each participant has 4 learning tasks, then follow-up questions are given on their learning experience and the two versions of feedback to be output to user in mYoutime are compared for all participants. One version immediately shows whether an answer to a quiz is correct or not, but the alternative is prototyped o make the feedback more interesting and probably more encouraging with levels and badges concerning their task performance [1] .
Data is analysed with paper coding and a thematic approach, user motivations are identified for participants are then related to corresponding motivation themes retrieved from existing theories. In case no match is found in the prevailing literature, a new theme would be proposed for emerging themes. The interviews are then coded and analysed using qualitative data analysis software (NVivo 10), to improve the methodological objectivity and reliability [1] . Based on the motivations revealed in the empirical study and on related research into the motivations of using learning systems and dyslexic students' concerns, these factors and interrelationships are proposed to refine the initial conceptual motivational model. The refined conceptual motivation model is shown in Figure 3 . The emerging motivation themes are shown in green with the new relations N1-N6 in the model being hypothesised according to existing motivation theories, and the themes with dashed lines are those that was not confirmed or examined in the empirical study [1] . 
Ontological Modelling
Existing ontological user models that have been applied to personalised learning systems are mostly restricted to taxonomies of user interests. In particular, there is a distinct lack of incorporating a learner's motivational factors into the user model to support motivation-enhanced learning. The present ontology aims to model the motivational needs based on the previously presented conceptual motivation model.
Ontology Creation Resources
We adopted an OWL-based design to build computational model. The Proté gé 5.2 framework is typically employed to edit and update contents. The MotivationState class is built by encoding the built conceptual model with its constructs and interrelationships into ontologies. The overall ontology for students with dyslexia is constructed based on the ontology built by Alsobhi et al. [19] .
An Overview of Ontology
This section presents an overview of the ontology of a learner who has dyslexia in a personalized learning system environment, shown in Figure 4 . We extend the existing ontology by incorporating the motivation model to make the personalisation not only adapt to dyslexic learning style but also base on their motivation states. In the ontological motivation model represented by MotivationState class, each student will have a profile with a specific motivational state to be used for personalising the learning service, the student and his or her motivation state is connected by isIn object property. As shown in Figure 5 , an instance of Student class called Student1 has a specific motivational state represented as StudMotiv1 which is an instance of MotivationState class, and they are connected by isIn object property. Studmotiv1 has a value of Level 5 as its data property. 
Other Classes and Relationships
The Dyslexia Type and Learning Style classes presented by previous research are adopted in this research [28] [29] [19] , in which Learning Style class is built on Felder and Silverman's Learning Style Model (FSLSM) and each type of dyslexia was matched with the dimensions of FSLSM [19] [30]. The Dyslexia Type class reflects the dyslexia difficulties including five properties: reading, writing, speaking, mathematics, memory. The DyslexiaType class are matched with LearningStyle class with the hasLearningStyle property object. Furthermore, the LearningStyle class is composed of the FSLSM components of learning stylesreflective, visual, sensory, sequential, and auditory. The same approach to link dyslexia types to learning styles has been employed by previous research [19] .
MotivationState class of the ontology reflects the factors that should be included in the motivation model, incorporating different aspects of motivational needs. Figure 7 shows the class hierarchy generated by a Proté gé 5.2 plugin called owlViz. The Personalisation class (see Figure 8 ) is a semantic class to provide a range of options that allow the system to be adapted to the user's motivational state and other dyslexic needs. The Personalisation class categorises the various solutions and applications that are available into semantic classes." For instance, the first level of the class classifies the solutions into ten generic classes: Reading, Writing, Communication, Hearing, Vision, Mobility, ShortMemory, Organisation, CourseFeedback and CourseQuantity. We adopt the first eight classes proposed by Alsobhi et al. [19] , which are related to the difficulties of students with dyslexia, while the last two classes involve providing personalisation based on user's motivational state. The motivation is suggested to be primarily considered in the quantity of course materials and feedback presented to the student [21] [31]. For example, students with higher motivation levels are more likely to learn faster and learn bigger quantities of the course materials; also, positive feedback can change user's motivational state, as studies have shown the positive correlation between the feedback of the learning progress ("which makes ability perception") and learning engagement [21] . The more the classes in the ontological model is drilled down, the more the system is personalised.
THE MECHANISM FOR PERSONALISED LEARNING
User modelling itself is not sufficient for providing personalised learning, and some mechanism of personalisation is necessary.
Once the input data is collected or made available, the data will need to be passed through an algorithm that will provide the conclusions and predictions that will make its way into the model. The inference rules will be developed in our research and further used for evaluation of our motivation model. The rules will mainly deal with the personalisation mechanism based on motivation model. Therefore, based on the user's data collection including both self-reported data and real-time learning behaviour data combined with the motivation model and inference rules, the system will output personalised learning service. Specifically, in our research, the output will be different quantities of course materials along with feedback to user as discussed in the previous section.
We can employ Semantic Density (SD) representing the complexity and semantic quantity of learning objects adopted by previous research [21] [32]. For example, each learning object can be assigned to a semantic density between 1 and 5, the learning objects with SD value <= 2 can be presented to students with low motivation, and those with moderate motivation can be assigned to the learning objects with SD <= 4 totally, and highly motivated students can have learning objects with semantic density value 5.
We will adopt the principles of feedback intervention indicated by previous research [31] , which has proposed the possibility to incorporate a character as a mechanism to deliver varying motivational feedback that could be matched to the perceived motivational state. They also used a character to express motivating spoken feedback concerning the learning domain, adapting its tone by considering the learner model. We can apply emoticons along with the words for providing personalised feedback for their ability of conveying social emotions. Specifically, If the user's motivation is high, the facial expression of the emoticon providing feedback will be happy, else it will be worried. The presented feedback will consider the phenomenon of de-motivation and the learning context suggested by previous research [31] . The emoticon can provide feedback before and after a learning course. Pre-course feedback presents varying facial expression based on the student's motivational state and the student's performance in the previous course. Post-course feedback will be only provided when the student has low motivation during the course. Examples of feedback included: "Believe yourself and take more challenge". In addition, we will also incorporate the factors and strategies to increase extrinsic motivation using badges and levels as rewards of a considered good learning performance.
AN APPLICATION EXAMPLE
Jason is a student with dyslexia in a large university who wants to use the learning system. He sets up an initial account in the system by providing username and password, and a learner id is automatically generated and associated with the profile.
Jason is registered as a new user so that he can login the system. Once logged in, the learner can view or edit its own profile by submitting a text reader friendly form containing basic demographic information and answers to the motivation questionnaire as well as the questions concerning his dyslexic difficulties to help the system adapt to his needs and preferences. All the information he inputs is stored in his learner profile and used to build his own learner model including his motivation model. Once he provides all the information required at registration stage, the system will suggest an initial personalised course materials according to his dyslexia difficulties, learning style and objectives got from his self-input information.
In this paper, we will focus on the illustration on the motivationbased learning personalisation. According to Jason's motivation model, he has a low motivational state. The quantity of course materials is personalised. Each course contains elements including theory, examples, practice, test, index, problem set, case study and group discussion represented with several appropriate learning objects. Learning object educational metadata SD is assigned to each learning object. His learning content in each interface contains one learning object with semantic density SD=1 and it is all the content learner gets in the first step because his level of motivation is low. Thus, this learner will be presented step by step with several learning objects and each time followed with test and appropriate feedback. During the process of his learning, eye tracker records his eye movements and calculates the percentage of time he spent on looking at different areas. This is considered together with his learning performance when it comes to providing him with appropriate feedback and suggests the amount of learning materials right after he finishes the current stage of learning materials.
As Jason's motivation is low, he needs permanent positive feedback and encouragement [21] . Emoticon along with the words are employed before and after a learning activity. Before a learning course, a positive emoticon with the words "Have a try and you will make progress!" will be given to Jason. He finishes the learning activity and gets a high score in the self-assessment quiz, but the eye tracking data shows he still has spent a nonignorable amount of time looking at the area without learning content. After the course, he gets the informative feedback about the scores and badges obtained from the learning activity, ad a positive emoticon with the words "Well done! believe yourself and take more challenge" is presented to him. He can also update his profile anytime he logs into the system. When he updates the model, the model is saved in database and in learner model RDF file. The quantity of course materials and feedback will be personalised further to adapt to his latest motivation model.
CONCLUSION AND FUTURE WORK
In this research, we proposed an ontological motivation model for students with dyslexia with demonstration of the construction process. We also displayed our design of the learning system along with the personalisation illustration for further application and evaluation.
A heuristic evaluation will be performed by educational experts and ontological experts. The process of evaluation and the outcome will be described in a later paper. We will apply datadriven approach to the modelling. Firstly, we will employ a multiitem questionnaire developed based on our motivation model; in addition, we will conduct experiment to collect data on students' learning behaviour and performance to train the connections between the constructs in our model. Furthermore, we will refine and complete the pre-defined rules to be implemented along with our ontological model in the system. Following that, we will perform evaluation study to test our model and personalisation mechanism.
